The aim of the present study was to reveal markers from the electroencephalography (EEG) using approximation entropy (ApEn) and permutation entropy (PerEn). EEGs' of 15 stroke-related patients with mild cognitive impairment (MCI) and 15 control healthy subjects during a working memory (WM) task have . EEG artifacts were removed using a wavelet (WT) based method. A t-test (p < 0.05) was used to test the hypothesis that the irregularity (ApEn and PerEn) in MCIs was reduced in comparison with control subjects. ApEn and PerEn showed reduced irregularity in the EEGs of MCI patients. Therefore, ApEn and PerEn could be used as markers associated with MCI detection and identification and the EEG could be a valuable tool for inspecting the background activity in the identification of patients with MCI.
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I. INTRODUCTION
Mild cognitive impairment (MCI) is common after stroke [1, 2] . MCI is the loss of cognitive function, particularly attention, executive function and memory [3] . Efforts are being made to detect dementia early before substantial mental decline occurs. Therefore, it is important to develop neurophysiological markers sensitive to dementia. Clinically mild cognitive impairment (MCI) is considered as the traditional stage between early normal brain cognition and late severe dementia [4] .
Electroencephalogram (EEG) is a neurophysiological signal that reflect the electrical activity of the brain [5] . An urgent need for a specific, accurate and cost-effective method to diagnose dementia in the early stages exists. In physiology, the extracted features from EEG signals provide a concise representation that shows the power distribution of an EEG signal in different frequency bands. Therefore, EEG features are key to detect interesting information related to cognitive and memory performance [6] . As attention and executive function that associated with working memory (WM) are the most affected domains, WM was considered in this study. WM is the ability to maintain and manipulate information for brief periods (10-15 seconds up to 60 seconds). WM is considered as a temporary memory that can store approximately 7 ± 2 items [7, 8] . Studies on EEG signal processing have been conducted to identify the brain activity patterns involved in cognitive process and memory [9] .
Entropy is a powerful concept for evaluating non-linear dynamic characteristics of a signal; the uncertainty and irregularity of a time series are measured using high entropy, which generally demonstrates the high uncertainty of the system, or low entropy, which shows the high regularity and certainty of the system [10] [11] [12] [13] . Researchers used different types of entropies, such as approximate entropy (ApEn) [14] , permutation entropy (PerEn) [10] . PerEn is theoretically simple, is relatively robust to artifacts and noise, and is computationally fast [15] . PerEn can also be used for both non-stationary and non-linear signals [10-14, 16, 17] . Morabito et al. used PerEn to assess the complexity of EEG recordings in AD [18] . ApEn algorithm was proposed by Pincus for the analysis of short and noisy data sets [56] and it has been widely used to study the irregularity of several kinds of biomedical signals.
II. METHODS AND MATERIALS

A. Methods
In order to extract meaningful information from EEG signal of dementia patients', the recorded EEG needs a successive signal analysis stages. Fig. 1 illustrates the block diagram of the proposed method. 
B. Subjects and EEG recording procedure
A NicoletOne (V32) system was employed to obtain the sets of EEG data. A referential montage with one ground electrode, two reference electrodes and nineteen channels were arranged based on the 10-20 international system to record the EEG signals from locations Fp2, F8, T4, T6, O2, Fp1, F7, T3, T5, O1, F4, C4, P3, F3, C3, P3, Fz, Cz, and Pz. NicoLet EEG system is sampled at 256 Hz, electrode skin impedance was below 10 kilo ohms, sensitivity of 100 µv/cm, low cut-off frequency of 0.5 Hz and high cut-off of 70 Hz. The present study involved the analysis of the EEG data sets of 30 subjects, of which 15 were healthy subjects and 15 were subjects with stroke-related MCI. The latter two groups of subjects were respectively selected from the stroke unit of the Pusat Perubatan Universiti Kebangsaan Malaysia (PPUKM) and from the PPUKM Neurology Clinic. No earlier mental irregularities had been experienced by the healthy subjects. Furthermore, neuropsychological tests, such as Mini-Mental State Examination (MMSE) [19] and Montreal Cognitive Assessment (MoCA), were applied to the subjects [20] . The study demographic data by each of the three groups of subjects are presented in Table 1 . The EEG was recorded for 60 seconds during working memory. The session started with a 0.5 second fixation cue, followed by a simple auditory (five words) WM task, by which patients were asked to memorize these words for 10 seconds [4] . Afterwards, they were asked to remember the five words while the EEG was recorded with the eyes closed. After 1 minute the patients were asked to open their eyes and enumerate all the words that they could remember.
III. DENOISISNG STAGE
In this paper, ICA is used to split a set of recorded EEG signal into its sources. FastICA algorithm has been used due to its simplicity, fast convergence and efficiency to decompose the recorded EEG as follows:
where x(t) is the output vector, A is the mixing matrix, s is the input vector. The artifactual independent components (ICs) were detected using statistical metrics and were arranged into new dataset to pass through the wavelet transform (WT) to denoise them [21] . The corrected ICs were returned back to the EEG set to be reconstructed and used in the next stage.
IV. DEMENTIA FEATURES EXTRACTION
In order to develop non-invasive useful diagnostic index that would be valuable for dementia early diagnosis in the early stages, entropy features need to be extracted from the recorded EEG of the stroke-related MCI patients.
1) Approximation Entropy
For the last two decades, non-linear dynamical methods have been applied to analyze dementia patients' EEG to investigate the complex dynamic information about the brain cortex [22] . Given that the brain can investigate the complex dynamic information, entropies including ApEn is computed using the algorithm presented in [23] . For our analysis, ApEn is computed with a run length of epochs, m=2 and tolerance, r=0.2×SD, where SD is the standard deviation [24] . ApEn also provides an alternate way of measuring similarity among patterns with respect to other types of entropy measurements, ApEn is calculated as in [25] .
2) Permutation Entropy
Given that the brain can investigate the complex dynamic information, entropies including PerEn with embedded dimension d=3 and time delay l=1. PerEn also provides an alternate way of measuring similarity among patterns with respect to other types of entropy measurements, PerEn is calculated as in [18] . PerEn and ApEn were calculated in windows of 10 second length (2560 samples).
V. STATISTICAL ANALYSIS
The denoised 19 channels from the EEG dataset of the 15 healthy normal and 15 stroke-related MCI patients were preliminarily grouped into 5 recording regions that correspond to the scalp area of the cerebral cortex. These regions are frontal (seven channels: Fp1, Fp2, F3, F4, F7, F8, and Fz), temporal (four channels: T3, T4, T5, and T6), parietal (three channels: P3, P4, and Pz), occipital (two channels: O1 and O2), and central (three channels: C3, C4, and Cz). Normality was then assessed using the Kolmogorov-Smirnov test, whereas homoscedasticity was verified using the Levene's test. Therefore, t-test was applied as a statistical tool by using SPSS 22. In this study, two sections of t-test were applied on ApEn and PerEn features. In each section the independent variables (IV) were the subject groups (control healthy subjects and stroke-related MCI patients) as the first IV and the five scalp regions (frontal, temporal, parietal, occipital and central) as the second IV, whereas one of the former features was the dependent variable (DV). The significance for all statistical tests was set at p ˂ 0.05.
VI. RESULTS AND DISCUSSION
A. Approximation Entropy (ApEn)
In this work, ApEn has been used to distinguish among the brain states related to MCI patients from normal healthy subjects. Table 2 illustrates the time evolution of ApEn which were estimated over 5 scalp regions and were considered for the two groups stroke-related MCI patients and healthy control subjects. One can see that the stroke-related MCI patients had lower ApEn values at the 5 scalp regions (ApEnMCI < ApEnControl) with significant differences among the groups at frontal and temporal regions (p < 0.05). These results suggest that EEG activity of stroke-related MCI patients are significantly more regular in the frontal and temporal regions than in a normal brain.
B. Permutation Entropy (PerEn)
In Table 2 the PerEn values for the MCI patients and control subjects in the five scalp regions are illustrated. It is evident that the EEG activity of the results showed that the MCI patients still had slightly lower values at all scalp regions, although the differences were significant (p<0.05) when using PerEn (PerEnMCI< PerEnControl). As expected, the EEG signals generally regular with the severity of the illness, particularly between the healthy control and the MCI patients. 
